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Toy Generative Model for Jets

Kyle Cranmer, SM & Duccio Pappadopulo
https://github.com/SebastianMacaluso/ToyJetsShower

Motivation: build a model to aid in machine learning research for jet physics.

¥ Captures essential ingredients of full physics simulations.
¥ Implements an analogue to a parton shower (no hadronization effects).
¥ Tractable joint likelihood

¥ Presented in machine-learning friendly format


https://github.com/SebastianMacaluso/ToyJetsShower

Sample jet

Jet constituents + showering path => jet binary tree
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Model Considerations

Recursive algorithm to generate a binary tree with jet constituents as the leaves.

Showering process: binary splittings + stopping rule.

Generation Reconstruction
¥ Momentum conservation ¥ Permutation invariance
¥ Running of the splitting scale ¥ Distance measure (e.g. ki)

=> An analogue of the generalized k; clustering algorithms can be depned.



Model Specibcation

Stand-alone mathematicgecibcation of model
Document describing model to non-physicists
Algorithm described in computer science style

Python implementation with few software dependencies

Algorithm 1: Toy Parton Shower Generator

1 function Exp2DShower (p,,, Ap, Acut, A, tree)
Input : parent momentum pj,, parent splitting scale A, cut-off scale Ay,

rate for the exponential distribution A, binary tree tree

[\]

Add parent node to tree.
3 if A, > A, then
4 draw ¢ from uniform distribution in {0, 27}

—

5 A, = A, (sin ¢y, cos ¢p)
6 ﬁL - %ﬁp - Ap

7 Pr = %ﬁp + A
8 draw Ap, Ar from the exponential distribution in Eq. 3.
9 Exp2DShower (pL, Ar, Acut, A, tree)
10 Exp2DShower (pr, AR, Acut, A, tree)

Toy Generative Model for Jets

Kyle Cranmer', Sebastian Macaluso' and Duccio Pappadopulo®

1 Center for Cosmology and Particle Physics & Center for Data Science, New York
Unaversity, USA
2 Bloomberg LP, New York, NY 10022, USA.

1 Introduction

In this notes, we provide a standalone description of a generative model to aid in machine
learning (ML) research for jet physics. The motivation is to build a model that has
a tractable likelihood, and is as simple and easy to describe as possible but at the
same time captures the essential ingredients of parton shower generators in full physics
simulations. The aim is for the model to have a python implementation with few software
dependencies.

Parton shower generators are software tools that encode a physics model for the
simulation of jets that are produced at colliders, e.g. the Large Hadron Collider at
CERN. Jets are a collimated spray of energetic charged and neutral particles. Parton
showers generate the particle content of a jet, going through a cascade process, starting
from an initial unstable particle. In this description, there is a recursive algorithm that

produces binary splittings of an unstable parent particle into two children particles, and

re splittings
tisfied for

each of the final particles). We refer to this final particles as the jet constituents.

a stopping rule. Thus, starting from the initial unstable particle, succ
are implemented until all the particles are stable (i.e. the stopping rule

As a result of this showering process, there could be many latent paths that may lead
to a specific jet (i.e. the set of constituents). Thus, it is natural and straightforward to
represent a jet and the particular showering path that gave rise to it as a binary tree,
where the inner nodes represent each of the unstable particles and the leaves represent

the jet constituents.
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Binary Tree Visualizations

| Kyle Cranmer, SM & Duccio Pappadopulo
https://github.com/SebastianMacaluso/VisualizeBinaryTrees

Truth jet
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Anti-kt jet
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https://github.com/SebastianMacaluso/VisualizeBinaryTrees

Reclustered jet

Truth jet
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Heat dendrogram cluster maps

Truth jet
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Heat dendrogram cluster maps
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Example Benchmark Task

Kyle Cranmer, SM & Duccio Pappadopulo

Assuming the toy model, attempt to Pnd the most likely splitting history

¥Reconstructing the splitting history is like inverting the generative model

¥ This is how we think of the kt algorithm

¥ Hard ! There are a combinatorial number of histories to consider

¥Usually jet reconstruction algorithms donOt use the probability model directly

¥ We use the likelihood for the history as the optimizatiobjective for benchmark
10



Reconsidering the KT algorithm

Generalized kt clustering algorithms

Current implementations of the generalized kt clustering algorithms sequentially choc
the closest pair according to tm;t,j distance measure.

Intuitively, smaﬂiij means high likelihood the pair came from the same parent.

Viewed this way, kt is a greedy algorithm for Pnding most likely history.

Greedy likelihood-based algorithm

Choose the nodes pairing that locally maximizes the likelihood at each step given by

P
A1, Ar|A
pdanlay) K

Our implementation improves th&®  brute force time complexityN®  following the
approach based on nearest neighbors introduced in FastJet
|hep-ph/051221@5. Salam and M. CacciaiTHE-06-0pR

1



Likelihood-based clustering

| C_;regdy Beam Search
Joint likelihood from  Maximize the likelihood
locally maximizing the of multiple steps before

likelihood at step.  choosing the latent path.

>

Reclustered jet

O AN

Truth jet

Joint likelihood:
p(w\z) — Hp(ALi7 AR@'

Api)

Goal: bnd the latent structure
that maximizes the jet
likelihood (MLE).

Given an algorithm, z is Pxed.

<Greedy

ZBS

ZMLE = argmax, p(x|z)
Viterbi algorithm

Computationally OinfeasibleO|for
jets with ~ 100 constituents

N2




Jets log likelihood

Mean values:
log PGreedy — —111.2 £ 3.1

log pgs = ! 85.7+ 2.6
log pryuth = —76.8 £ 2.5

01 = Greedy
+« Beam Search
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Final remarks

¥ Goal: Unibcation of generation and inference.
- Future work: study the implementation of this technique on full physics simulators.
- Potential collaboration with JetScape collaboration?

¥ Could we learn the node splitting from btting to data and systematically improve the
generative model?

¥ Study metrics to compare jet trees latent structures.

¥ Beam search is strictly better than the greedy algorithm (e.g. kt) in terms of estimati
the most likely tree.

¥ Explore other possibilities for jet clustering algorithms and compare their
performance.

Thanks for your attention!
14
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Generative process

We debne a model with a given decaying rate , initial splitting &gale  and cut-off sc

Amin'
Splitting of a parent node
A
. y
b =1, (sin"p,cos"p)
L p = 1l
1
pbL = épp! '! p
1
Pbr = épp"' '! p
L f(I 1 )= P
PEf )= —e '
p

I I Uniform(0, 2")

8



Reclustered jet

Truth jet

>

Latent

Structure z

Jet clustering

Can we cluster jets based on the
likelihood of each splitting?

P
L R
Joint likelihood:
p(x|z) = p(Li,Ri|P;)

Splitting likelihood:
p(Li, Ri[Pi) ! p(bL,brIbr)

k: distance measure

dlLi,Ri) ! d(b..br)

9



Likelihood-based clustering

Bottom-up approach: nodes pairing likelihood in the Toy
Generative model for jets

For our model, giveh and,in ,and a pair of nodes to be clustered, we calculate
1
bo= S(r! i) L p = |F

p(! L, ! rIY p)=pC LY p) P RIY p) PCY)

where



Augmented data

Additional information that characterizes the latent process can be extracted:
¥ Joint likelihood

¥ Joint likelihood ratio
¥ Joint score

The model keeps track of the augmented data based
on aPYRO implementation.

techniques for likelihood-free inference.

=>The model allows the implementation of new PYRO
[J. Brehmer, G. Louppe, J. Pavez & K. Cranmer 2018 ]  §

Deep Universal Probabilistic Programming

P1


http://pyro.ai

Reconstruction of
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Q-Jets

[arXiv:1201.1914]

Given a set of constituents, what is the probabillity of each latent path?
p(z(x)

¥ Assemble trees via a series of 2 to 1 mergings:
- Compute a set of weightsj;  for every pair at each stage.
- Probability! i = ! i /N

- A random number is generated to choose a pair with probablilify

(djj + dMin )
1o e!! 4 min
. IJ .

P4



Comparison
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Performance metrics

emble of

‘taggers y\

@ ParticleNet

AUC | Acc 1/eg (es = 0.3) #Param
single mean median

CNN [16] 0.981 | 0.930 914+14  995+£15 975+18 610k
ResNeXt [30] 0.984 | 0.936 | 1122447 12704+28  1286+31 1.46M
TopoDNN [18] 0.972 | 0.916 2956+5 382+t 5 378 £ 8 59k
Multi-body N-subjettiness 6 [24] | 0.979 | 0.922 792+£18  798+£12 808+13 57k
Multi-body N-subjettiness 8 [24] | 0.981 | 0.929 86715  918+20 926+18 58k
TreeNiN [43] 0.982 | 0.933 | 1025+£11 1202423 1188+24 34k
P-CNN 0.980 | 0.930 732+24  845+13 834+14 348k
ParticleNet [47] 0.985 | 0.938 | 1298446 1412445 1393+41 498k
LBN [19] 0.981 | 0.931 836+17  859+L67 966120 705k
LoLa [22] 0.980 | 0.929 722+17  768+11 765+11 127k
Energy Flow Polynomials [21] 0.980 | 0.932 384 1k
Energy Flow Network [23] 0.979 | 0.927 | 633+31 729+13 72611 82k
Particle Flow Network [23] 0.982 | 0.932 891+18 1063+£21 1052429 82k
GoaT 0.985 | 0.939 | 1368+140 15494208 35k
@ ParticleNet-Lite 0984 0.937 1262+49 26k
0986 0940 1615193 366k

Huilin Qu - Boost 2019 talk
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Beam Search Algorithms

https://www.coursera.org/nlp-sequence-models/beam-search

Beam search algorithm

10000

Step 1

‘september)

zulu

Andrew Ng -deeplearning.ai

p7


https://www.coursera.org/lecture/nlp-sequence-models/beam-search-4EtHZ
https://www.deeplearning.ai/

Beam Search Algorithms

https://www.coursera.org/nlp-sequence-models/beam-search

Beam search algorithm
Step 1 Step 2

- '\
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https://www.coursera.org/lecture/nlp-sequence-models/beam-search-4EtHZ
https://www.deeplearning.ai/

First results

¥ Sample of 30 sets of 500 W boson-like jets each.

# of jets constituents
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